Genome-wide association mapping is a powerful tool for dissecting the relationship between phenotypes and genetic variants in diverse populations. With the improved cost efficiency of highthroughput genotyping platforms, association mapping is a desirable method of mining populations for favorable alleles that hold value for crop improvement. Stem rust, caused by the fungus Puccinia graminis f. sp. tritici, is a devastating disease that threatens wheat (Triticum aestivum L.) production worldwide. Here, we explored the genetic basis of stem rust resistance in a global collection of 1411 hexaploid winter wheat accessions genotyped with 5390 single nucleotide polymorphism markers. To facilitate the development of resistant varieties, we characterized marker-trait associations underlying field resistance to North American races and seedling resistance to the races TTKSK (Ug99), TRTTF, TTTTF, and BCCBC. After evaluating several commonly used linear models, a multi-locus mixed model provided the maximum statistical power and improved the identification of loci with direct breeding application. Ten high-confidence resistance loci were identified, including SNP markers linked to Sr8a, Sr9h, Sr28, and Sr31, and at least three newly discovered resistance loci that are strong candidates for introgression into modern cultivars. In the present study, we assessed the power of multi-locus association mapping while providing an in-depth analysis for its practical ability to assist breeders with the introgression of rare alleles into elite varieties.
H
exaploid wheat is a staple cereal crop that provides nearly 20% of the human population's caloric intake (Pfeifer et al., 2014) . The fungal pathogen Puccinia graminis f. sp. tritici (Pgt), the causal agent of wheat stem rust, reduces yield and end-use quality with potential annual losses of up to US $1.12 billion globally (Pardey et al., 2013) . Progressive breeding efforts successfully controlled the disease during the late twentieth century before it evolved into one of the largest biological threats to wheat production worldwide (Stokstad, 2007) . Specifically, the highly virulent race Ug99 (syn. TTKSK), discovered in Uganda, overcame the previously effective resistance gene Sr31 (Pretorius et al., 2000) and its derivatives have since overcome important sources of resistance such as Sr24, Sr36, and SrTmp Singh et al., 2011) .
Chemical fungicides have been used by growers to alleviate the damage caused by Pgt, but several limitations such as cost, availability, safety concerns, and application methods make genetic resistance a highly favorable alternative (Oliver, 2014; Singh et al., 2016) . To date, at least 65 Pgt resistance alleles have been identified (McIntosh et al., 2014; Yu et al., 2014) , but many of them have not been characterized well enough to be used in marker-assisted selection (MAS) or are ineffective against the current widespread Pgt races. Thus developing reliable diagnostic markers for both known and novel Pgt resistance alleles can dramatically improve the discovery of new resistance genes, aid in cultivar development, and support the surveillance of pathogen variation to guide resistance gene deployment strategies.
Association mapping enables the identification of genetic markers that are closely linked to a trait of interest by taking advantage of historical recombination in diverse germplasm to provide higher resolution than traditional biparental linkage mapping. In wheat, genomewide association studies (GWAS) have helped identify markers linked to genes controlling several traits including end-use quality (Breseghello and Sorrells, 2006; Reif et al., 2011) , morphology (Rasheed et al., 2014; Zanke et al., 2014) , and disease resistance (Aoun et al., 2016; Bulli et al., 2016; Jighly et al., 2015; Letta et al., 2014; Yu et al., 2011; Zhang et al., 2014) .
Unbalanced allele frequencies among subpopulations (population stratification) can lead to inflated rates of both false positive and false negative marker-trait associations during association mapping (Pritchard et al., 2000) . The confounding effects of population structure have been mitigated by mixed linear models that use covariables such as principal components (PCs) and population-wide kinship estimates (Patterson et al., 2006; Yu et al., 2006) . During the process of mapping complex traits, additional power can be lost because of masking effects between causal loci (Würschum and Kraft, 2015) . Single-locus genome scans conducted by ordinary mixed models do not adequately control for large effect loci; multi-locus models were recently proposed as a potential tool for addressing this issue (Rakitsch et al., 2013; Segura et al., 2012) . The multi-locus mixed model (MLMM) introduced by Segura et al. (2012) uses stepwise regression to incorporate the most influential markers as cofactors and has been used successfully in several association mapping studies to date (Lipka et al., 2013; Sauvage et al., 2014; Vaughn et al., 2014) .
Given the nature of the wheat-Pgt pathosystem where qualitative, semiquantitative, and quantitative genetic inheritance is common, we hypothesized that a multi-locus model applied to a diverse germplasm panel would increase the power to detect Pgt resistance loci compared with single-locus models. By investigating several different association mapping methodologies and cross-referencing our results with similar experiments, this study aims to reveal the utility of MLMM as a tool for wheat-Pgt GWAS analysis and marker discovery.
MAterIAls And Methods

Plant Material
A global collection of 1654 hexaploid winter wheat accessions was assembled from the USDA-ARS National Small Grains Collection for the Triticeae Coordinated Agricultural Project. To ensure genetic purity, seeds for this study were harvested from single-plant selections at the USDA-ARS Small Grains and Potato Germplasm Research Unit in Aberdeen, ID. After the genotype quality filters described below were applied, a panel of 1411 genetically unique accessions was selected for association mapping. The geographical origins of the accessions used in this study include Europe (46.6%), the Middle East (25.7%), Asia (13.7%), North America (8.2%), South America (3.9%), and a limited number from Africa and Australasia (<2%).
Genome-Wide Genotyping
All accessions were genotyped with the Infinium wheat SNP 9K iSelect assay (Illumina Inc., San Diego, CA) at the USDA-ARS genotyping lab in Fargo, ND. Illumina software GenomeStudio version 2011.1 was used to process raw SNP data and to verify allele calls manually, yielding 6758 high-quality polymorphic SNP markers. Genetic relatedness was assessed by using an identityby-state kinship matrix computed in JMP version 6.0 (SAS Corp., Cary, NC) and pairs of accessions with >99% genetic similarity were identified. One representative accession was retained. Redundant groups of SNP markers [pairwise linkage disequilibrium (LD) r 2 = 1.0] were also filtered to include only one representative marker. Both individuals and SNP markers with > 10% missing genotype data were excluded and SNP markers with <5% minor allele frequency (MAF) were discarded to minimize the likelihood of Type I errors during association analyses. Application of these filtering criteria yielded 1411 accessions genotyped with 5389 polymorphic SNP markers. Markers were positioned using the 9K SNP consensus map (Cavanagh et al., 2013) with corrections made to the arm orientations of 4A, 5A, and 5B (Maccaferri et al., 2015) . Additionally, fragmented linkage groups on 3D (3D1, 3D2 and 3D3), 5D [5D1cult (reversed), 5D2cult and 5D3cult], and 6D [6D1 and 6D2 (reversed)] were joined with a spacing of 20 cM.
To date, no markers on the 9K wheat SNP array have been mapped directly to rye (Secale cereale L.) translocations and confirmed in large germplasm collections. For additional validation and control data, we genotyped the 1411 accessions with 'SCM9', a codominant microsatellite marker which identifies the rye translocations 1AL.1RS (harboring Sr1RS-Amigo) and 1BL.1RS (harboring Sr31) (Weng et al., 2007) . Marker data from this assay were then included in the genotype matrix, yielding a total of 5390 markers that were suitable for association mapping.
Population Structure and LD
Principal component analysis was performed using the complete set of genome-wide SNP markers, implemented with the R function 'prcomp' (R Core Team, 2014) , to elucidate population structure and estimate the covariables for mixed model association mapping. Additionally, STRUCTURE version 2.3.4 (Pritchard et al., 2000) was used to generate subpopulation membership coefficients (Q matrix) from a set of 1510 nonredundant tagSNPs (LD r 2 threshold for marker bins = 0.25). Assuming an admixed population structure and correlated allele frequencies, five independent runs for k = 1 to 10 hypothetical subpopulations were examined using 50,000 burn-in iterations followed by 100,000 recorded Markov chain iterations. The web-based tool STRUCTURE Harvester (Earl and vonHoldt, 2012) was used to determine the optimal number of subpopulations based on the ΔK method (Evanno et al., 2005) . Both the principal component and the Q matrices were evaluated as covariables during the iterative model comparisons described in the Materials and Methods (Model Selection).
The extent of population-specific genome-wide LD was assessed by the LD squared allele frequency correlation (r 2 ) calculated for each intrachromosomal marker pair using JMP version 6.0; r 2 values were plotted against the map distance (cM) between each pair then fitted with a smooth loess curve using the function 'scatter.smooth' in R. To facilitate comparisons across the literature, we report the genetic distance at which LD decays at three commonly reported critical r 2 values (0.1, 0.2, and 0.3).
Stem Rust Screening
Accessions were evaluated for both seedling and field response to Pgt at the USDA Cereal Disease Laboratory in St. Paul, MN. Five separate seedling resistance tests were performed under controlled greenhouse conditions (Rouse et al., 2011) by inoculating 7-to 9-d-old plants with Pgt races TRTTF (isolate 06YEM34-1), TTTTF (01MN84A-1-2), TTKSK (Ug99; 04KEN156/04), BCCBC (09CA115-2), and a bulk of the following six North American Pgt isolates: MCCFC (59KS19), QFCSC (06ND76C), QTHJC (75ND717C), RCRSC (77ND82A), RKQQC (99KS76A), and TPMKC (74MN1409) (Jin et al., 2008) . After 14 d, infection types were evaluated according to the Stakman rating system (Stakman et al., 1962) . Phenotypic data compatible with association analysis were generated by converting Stakman infection types to a 0 to 9 linear scale (Gao et al., 2016; Zhang et al., 2014) . Resistance was evaluated in adult plants under field conditions over 3 yr (2012, 2014, and 2015) in St. Paul, MN. Each accession was planted in 1-m rows with the checks 'Siouxland' (Sr24+Sr31), 'Sisson' (Sr31+Sr36), 'McNair' (susceptible), and 'Panola' (susceptible) planted every 100 entries. To ensure uniform disease pressure, spreader rows planted perpendicular to pairs of entry rows composed of the susceptible cultivar Panola were inoculated with urediniospores from the North American Pgt race bulk described above. When the majority of accessions had entered the grain-filling stage of growth (>7 on Zadok's scale; Zadoks et al., 1974) , two measures were used to quantify the response to stem rust infection: (i) disease severity was scored using a modified Cobb scale (0-100%) to estimate the total coverage of rusted tissue (Peterson et al., 1948) and (ii) infection response was scored by evaluating pustule characteristics to determine the host reaction: resistant = 0.2; moderately resistant, 0.4; moderately susceptible, 0.8; susceptible, 1 (Roelfs et al., 1992) . Disease scores from the two indices were multiplied to calculate a coefficient of infection (COI) on a 0 to 100 linear scale. Best linear unbiased estimates (BLUEs) across the three environments were calculated in ASReml-R (VSN International Ltd., Hemel Hempstead, UK) by fitting both genotypes and environments as fixed effects. The vector of COI-BLUE values was then used for association analysis.
Model Selection
A primary goal of applying mixed models in association mapping is to maximize the power to detect true associations with the lowest Type I error rates. The power of four common methods was evaluated using an approach described by Liu et al. (2016) to determine the most suitable model for the panel. Briefly, the 'G2P' function from the open-source R package GAPIT (Lipka et al., 2012 ) was used to assign 10 causal quantitative trait nucleotides (QTNs) randomly in the genotype matrix of the NSGC panel; the QTNs were assigned geometrically distributed genetic effects and then normally distributed residual effects were simulated to obtain the desired heritability. A vector of phenotypes was generated by summing the genetic and residual effects and then each model was applied to the simulated dataset. The ability of each model to detect SNP markers correctly within 2 cM of the causal QTN was evaluated. The proportion of correctly identified causal QTNs was plotted versus the false discovery rate; for a given set of simulated phenotypes, the area under the curve was used as a measure of statistical power for each model.
The models evaluated were: (i) a general linear model with two PCs included as fixed effects (Patterson et al., 2006) ; (ii) a mixed linear model with two fixed-effect PCs and a random-effect kinship matrix (K matrix) (Zhao et al., 2007) ; (iii) a compressed mixed linear model, which is a more computationally efficient mixed linear model where relationship estimates are fitted to groups of accessions in the K matrix instead of each individual (Zhang et al., 2010b) ; and (iv) a multi-locus mixed-model (MLMM), which is a modified mixed linear model that begins with a mixed model then introduces forward-backward stepwise linear regression to include significant SNP markers as fixed-effect cofactors. Three variations of this model were investigated: MLMM (PC + K), MLMM (Q + K), and MLMM (K). The power of these models applied to 100 simulated datasets was compared at three levels of heritability (h 2 = 0.25, 0.50, and 0.75).
Association Analysis
Using the complete set of 5390 polymorphic markers, association analyses were conducted on the 1411 accessions across six phenotypic datasets: five seedling phenotypic datasets evaluated under controlled greenhouse conditions for their response to Pgt races TRTTF, TTTTF, TTKSK, BCCBC, and a North American race mixture and one dataset representing BLUEs across 3 yr of field COI resistance ratings on adult plants. On the basis of the model selection procedures, MLMM + K was chosen for conducting association analyses (Fig. 1a, b) ; a VanRaden kinship matrix (VanRaden, 2008) was computed in GAPIT and all remaining MLMM procedures were performed in R using the open-sourced code provided by Segura et al. (2012) (available at https:// github.com/Gregor-Mendel-Institute/mlmm, accessed 8 May 2017). For each phenotypic dataset, forward linear regression was performed for 10 steps followed by a backward stepwise regression where fixed-effect SNP cofactors were removed one at a time. Further model selection was implemented by using an extended Bayesian information criterion to identify which step returned the best model fit for each trait. This method is similar to the classic BIC with an additional penalty introduced for each cofactor to minimize model space (Chen and Chen, 2008) . After the optimum step was determined, P-values for each SNP were subjected to Bonferroni multiple-comparison adjustments; only markers exhibiting a Bonferroni P-value < 0.05 are reported.
resUlts
Genome-Wide Marker Data and LD Analysis
After quality filtering measures were implemented for the iSelect 9K SNP genotypic data, a total of 5059 biallelic SNP markers were included that spanned a genetic distance of 3557.3 cM based on the 9K consensus map (Cavanagh et al., 2013) , plus an additional 330 markers lacking a map position. The B genome exhibited the greatest marker density with an average of 1.83 markers per cM, followed by 1.75 markers per cM on the A genome and 0.33 markers per cM on the D genome. The average genome-wide marker density achieved in this panel (~0.7 cM between each marker plus 330 supplemental unmapped markers) is sufficient for association mapping based on the observed rate of LD decay. Genome-wide LD decay ranged from 1.54 to 4.68 cM in this global winter wheat collection according to three critical r 2 thresholds (Fig. 2a,b) , which is consistent with numerous studies that report that LD decay in hexaploid wheat ranges from 1 to 10 cM (Chao et al., 2007; Würs-chum et al., 2013; Yu et al., 2011; Zhang et al., 2010a) .
Composition of Population Substructure
The model-based inference of population structure obtained from Structure version 2.3.4 revealed two primary subpopulations in the panel. The average membership coefficient of each subpopulation was 0.88 (Q-1) and 0.90 (Q-2), indicating a relatively low amount of admixture among the subpopulations. The first subpopulation, Q-1, consisted of 477 accessions primarily representing Asia and the Middle East, and Q-2 was composed of 934 accessions with heavy representation from Europe and the Americas (Fig. 3a,b) . The first two principal components, which explained 17.3 and 5.2% of genetic variation, respectively, as well as subpopulation membership coefficients were assessed for their value as fixed-effect covariables during association mapping. For this dataset, incorporating PCs or the Q matrix as covariables did not improve power (Fig. 1b) so only the K matrix was included in the model. Several studies have documented that kinship alone may correct adequately for population stratification (Chang et al., 2016; Kumar et al., 2013) .
Response to Stem Rust Infection
Among the 1411 accessions screened at the seedling stage, the frequency of accessions with a linearized infection type from 0-5 (Stakman rating ~2+ or less) ranged from 6.0 (North American race bulk) to 22.5% (BCCBC). Similarly, we observed a low frequency of resistance (COI 0-50) in field screening nursery data: 9.6 (2012), 9.6 (2014), and 8.4% (2015) . These results are not unexpected, as most accessions that were included in our panel were not selected in North America, where the Pgt isolates used to inoculate our field studies were collected. The correlation between phenotypic data across the 3 yr was moderate (r 2 = 0.69, 0.63, and 0.54 for 2012 -2014, 2012-2015, and 2014-2015, respectively) , indicating environmental as well as genetic influence on the expressed phenotypes. Potential experimental error while generating phenotype data cannot be ruled out when evaluating such a large collection.
The SNP Marker IWA435 Reliably Identifies 1BL.1RS Translocations
The microsatellite marker SCM9 was used to detect 1AL.1RS and 1BL.1RS wheat-rye translocations. Out of 1411 accessions in the panel, 42 (2.98%) harbored 1BL.1RS and one harbored 1AL.1RS. After manually filtering iSelect 9K SNP markers for collinearity with SCM9, we identified IWA435 as a reliable marker for 1BL.1RS (Fig. 4) . Despite already having the microsatellite marker SCM9 for 1BL.1RS, breeders generally need a consistent genotyping platform to gather large amounts of data with high throughput. The data presented here will immediately assist breeders in selecting for 1BL.1RS with more flexibility to accommodate the preferred genotyping methods.
According to SCM9 marker data, the null allele for IWA435 correctly identified 41 out of 42 (97.6%) accessions carrying 1BL.1RS. The marker results from SCM9 indicate that accession PI626798 carries 1BL.1RS, yet IWA435 showed non-1BL.1RS; however, PI626798 exhibited susceptibility to Pgt races TRTTF, TTTTF, and BCCBC. Given that 1BL.1RS is expected to harbor Sr31, SCM9 appears to have yielded a false positive. On the other hand, the null cluster for IWA435 contains two accessions that SCM9 predicts to be non-1RS: PI361785 is susceptible, and PI598319 is resistant to Sr31-avirulent races. These inconsistencies could be caused by a true underlying genetic deviation, experimental error in generating genotype or phenotype data, or heterogeneity that was not detected. Although IWA435 is not polymorphic for 1AL.1RS versus non-1RS genotypes, IWA435 matches the reliability of SCM9 for detecting 1BL.1RS lines.
Association Mapping Results
Genome-wide association mapping was conducted using MLMM + K for six traits: seedling resistance to individual races TRTTF, TTTTF, TTKSK, BCCBC, and a North American race bulk (MCCFC, QFCSC, QTHJC, RCRSC, RKQQC, and TPMKC) and COI-BLUE values representing 3 yr resistance ratings in artificially inoculated field conditions. These analyses revealed 15 SNP markers exhibiting a strong association (Bonferroni-adjusted P < 0.05) with 10 stem rust resistance loci (Table 1) . Supplementary Table S1 contains a list of all 1411 accessions used in this study, complete with phenotype information for all six traits and genotype data for all the markers described in the results and discussion.
Single-Race Seedling Tests
Three markers (SCM9, IWA7913, and IWA2722) were associated with resistance to Pgt race TRTTF and explained 39.8% of the total phenotypic variation. Postulations based on race specificity, infection type, chromosomal location, and previous linkage mapping studies suggest these markers are linked to Sr31 (1BL.1RS), Sr8a (6AS), and a previously undocumented resistance locus on chromosome 2D. SCM9 was the first cofactor added to the regression after exhibiting the most significant association with TRTTF resistance (Bonferroni P = 7.25 × 10 -76
), which is expected given its near-perfect linkage with Sr31. The strongest remaining signal was from IWA7913 (Sr8a, Bonferroni P = 1.32 × 10 -4 ), which was therefore introduced as a cofactor in Step 2; our postulation is in accordance with recent GWAS and biparental linkage mapping studies [Bajgain et al. (2015) and Guerrero-Chavez et al. (2015) , respectively], which reported tight linkage of SNP marker IWA7913 to Sr8a. Lastly, SNP marker IWA2722, which is mapped to the centromeric region of chromosome 2D, was added to the model in Step 3 (Bonferroni P = 0.018). To date, Pgt resistance genes Sr6, Sr46, and Sr54 have been mapped to chromosome 2D (McIntosh et al., 2014) , but TRTTF exhibits virulence against each gene; furthermore, none of the previously characterized genes have been mapped near the centromere (Ghazvini et al., 2013; Tsilo et al., 2009; Yu et al., 2015) . Thus, IWA2722 is likely to be linked to a newly documented resistance gene that is effective against Pgt race TRTTF.
Among the 20 Pgt resistance genes in the International Differential Set (Jin et al., 2008) , only Sr24 and Sr31 are effective against race TTTTF. Although this North American race is avirulent against many spring wheat cultivars, it poses a greater threat to winter wheat varieties that commonly rely on Sr6, Sr10, Sr36, and SrTmp (Jin, 2005) . Two genomic regions associated with TTTTF resistance were identified: (i) the 1BL.1RS rye translocation harboring Sr31 (SCM9) and (ii) the distal end of 2BL (IWA6656, Bonferroni P = 0.015), where no previously characterized resistance genes are known to be effective against TTTTF. Thus IWA6656 is likely linked to a newly documented source of resistance against this virulent race. However, the presence of this gene should be confirmed in further studies.
Association mapping for resistance to Pgt race TTKSK (Ug99) revealed three putative loci that explained 39.6% of the total phenotypic variation. Chromosome 2B harbors numerous Pgt resistance genes including at least six that are effective against TTKSK (Sr9h, Sr28, Sr36, Sr39, Sr40, and Sr47). Previous efforts to develop an integrated map of these loci have been challenging, possibly because of the complex inheritance patterns observed on 2B, including segregation distortion and chromosomal rearrangements (Li et al., 2015; Zurn et al., 2014) . Consequently, our ability to make postulations for chromosome 2B marker-trait associations ) is positioned on the consensus map only 1.35 cM proximal to IWA5789 (166.96 cM, 2BL), which was tightly linked to Sr9h in the mapping population 'SD4279' × 'Brick' (Guerrero-Chavez et al., 2015) . However, Sr9h has also been reported ~20 cM distal to IWA1304 in the population 'LMPG-6' × 'CItr 4311' (Babiker et al., 2016) . Nonetheless, the race specificity observed in this panel suggests that IWA1304 is likely to be linked to Sr9h. The most significant association with TTKSK resistance, IWA840 (Bonf. P = 3.51 × 10 -13 ), was mapped nearly 27 cM distal to IWA1304 and is likely to be linked to Sr28. IWA1708, located at the same position (192.19 cM) on the 9K wheat SNP consensus map, was also associated with resistance to Pgt race BCCBC (Bonferroni P = 1.81 × 10 -4 ); this race specificity is characteristic of Sr28 in that avirulence is observed when plants were challenged with TTKSK and BCCBC, whereas TRTTF and TTTTF are virulent .
The third SNP marker detected for TTKSK resistance, IWA1202 (Bonferroni P = 2.74 × 10
), is not anchored on the consensus map, probably as a result of being monomorphic in the biparental populations used for linkage map development. Interestingly, SNP marker IWA574 on the long arm of chromosome 2A was introduced as the fourth cofactor (Bonferroni P = 0.0016) and exhibited strong LD with IWA1202 (r 2 = 0.90), suggesting that IWA1202 is located on 2AL as well. Despite their strong linkage, both markers remained highly significant after being added to the same multiple regression model. Three resistance genes on 2AL (Sr21, Sr48, and SrTm4) are known to confer resistance to Pgt race TTKSK (Bansal et al., 2009; Briggs et al., 2015; Chen et al., 2015) . Both Sr21 and SrTm4 were originally discovered in the diploid relative Triticum monococcum L. and are not expected to be widespread in hexaploid wheat (McIntosh et al., 1995) , thus are unlikely to be linked to IWA1202 and IWA574 in this panel. Sr48 is found in hexaploid wheat but was mapped to the distal end of 2AL (Bansal et al., 2009) and IWA574 is near the centromere. While further research is needed to determine if the IWA1202-IWA574 locus tags Sr48 or a novel gene, the markers presented here provide a valuable starting point to investigate the identity of this locus.
The last single-race seedling screen evaluated here was for Pgt race BCCBC, the least virulent race in this study. After four steps of the MLMM, at least four resistance loci, tagged by the markers IWA8599, IWA6625, IWA1708, SCM9, and IWA6673, were significantly associated with BCCBC resistance. SCM9 and IWA1708 are postulated to be in linkage with Sr31 and Sr28, respectively, as described above. Notably, IWA6625 and IWA6673 on the long arm of chromosome 6A exhibited a pattern similar to IWA1202 and IWA574: the first cofactor added to the regression from its respective locus did not account for the total phenotypic variation observed at the given QTL interval, resulting in a second significant marker-trait association only 0.85 cM away. Several hypotheses have been proposed to explain this incidence and will be considered later in the 'Discussion' section below. The influence of Sr13 cannot be ruled out for this locus but its true identity would require allelism tests. Additionally, proper elucidation of the marker-trait association for IWA8599 (Bonferroni P = 5.58 × 10 -15 ) was confounded by complexities in the LD patterns and the chromosomal structure of 2B. Sr48 † COI, coefficient of infection; BLUE, best linear unbiased estimates; NA, not applicable.
Seedling and Field Response to Pgt Race Mixture
Similar to the seedling resistance loci detected for all races except TTKSK, Sr31 was the most significant association for seedling resistance to the race mixture. Additionally, a putatively novel resistance locus linked to IWA4897 on the long arm of chromosome 1A (164.2 cM) was detected in the second step of the MLMM (Bonferroni P = 0.0047). This genomic region has been speculated to harbor a gene conferring adult plant resistance to Ug99 , but marker-trait associations for this locus were nonsignificant in the field data, possibly indicating a difference in gene action or race specificity compared with the previously reported QTL.
Multi-locus mixed model analysis using COI-BLUE values from 3-yr field responses revealed three markers that explained 33.9% of the phenotypic variation. SCM9 was the most significant association, which documents the effectiveness of Sr31 against North American races in field conditions. The next two markers added to the regression, IWA3819 (Bonferroni P = 3.42 × 10 -14
) and IWA1496 (Bonferroni P = 3.47 × 10 -9
), are tightly linked (LD r 2 = 0.94) and map to the centromeric region of 2AL. Although these markers are positioned nearly 18 cM proximal to the IWA1202-IWA574 resistance locus detected for Pgt race TTKSK, their strong pairwise LD (r 2 > 0.68) suggests they represent the same locus; furthermore, the resistant haplotype for IWA3819-IWA1496 (TT-CC) identifies 17 of the same resistant accessions represented by IWA1202-IWA574 (Supplemental Table  S1 ). The effectiveness of this locus in 3 yr field trials and against the highly virulent race TTKSK makes it a strong candidate for follow-up studies and introgression into modern cultivars. Most accessions with low infection types and the corresponding resistant haplotype were collected from the southeastern European countries Croatia and Bulgaria. As described above, whether this resistance is conferred by Sr48 (originally detected in the Swiss cultivar 'Arina') or a novel locus remains to be determined. dIsCUssIon Genome-wide association studies are one of the most widely used tools for exploring the relationship between phenotypes and causal genetic variants in a target population. There is a broad range of applications for GWAS; hence, model implementation and subsequent interpretation of the results both depend heavily on the initial project aims. In this study, we pursued two primary goals: (i) characterize marker-trait relationships that have the potential to be applied in wheat breeding for stem rust resistance, and (ii) explore how GWAS can be more effectively used for trait characterization by evaluating singlelocus versus multi-locus mapping approaches.
The MLMM method was used to reveal the SNP markers linked to Pgt resistance genes in a worldwide collection of hexaploid winter wheat. We identified 10 resistance loci associated with either qualitative race-specific seedling resistance or quantitative adult plant resistance. Notably, three newly documented loci, tagged by the SNP markers IWA2722 (for race TRTTF), IWA6656 (for race TTTTF), and IWA4897 (for NA race bulk), were associated with race-specific seedling resistance. In addition to efforts to discover new resistance loci, there are several known resistance genes that are not well characterized or the lack reliable genetic markers; genotyping a global diversity panel provided us with a unique opportunity to investigate the performance of SNP markers across extensive genetic backgrounds.
Utility of Significant Marker-Trait Associations in Broad Germplasm
Assessing genetic markers for their diagnostic ability in broad germplasm is necessary for efficient gene introgression. Among the genes present in our diversity panel, Sr8a is of interest because of its effectiveness against TRTTF, a highly virulent race that has been detected in Ethiopia, Yemen, and Pakistan (Mirza et al., 2010; Olivera et al., 2012) . Additionally, its prevalence in modern germplasm yields an opportunity for verification of relevant markertrait associations. IWA7913 was found to be linked with Sr8a in recent studies, including both association mapping and biparental linkage mapping studies (Bajgain et al., 2015; Guerrero-Chavez et al., 2015) , and also displayed a significant association with TRTTF resistance in this global winter wheat panel. To evaluate its accuracy in detecting accessions potentially harboring Sr8a, we looked at the proportion of lines that exhibit its expected infection type (2+ or lower) among all lines homozygous for the predicted resistance allele 'G'. Disappointingly, only 74 of 298 accessions with the genotype 'GG' have an infection type of 2+ or lower, revealing an accuracy of 24.8%. Thus despite its tight linkage and strong association in select populations, its utility for MAS is limited in broad germplasm. Unfortunately, this is the fate of nearly all markers that are reported from both linkage and association mapping studies (Bernardo, 2016) . This does not render mapping efforts useless, as gene discovery can be immediately beneficial for breeders regardless of marker availability, but it does highlight the need for marker verification.
Relying on single markers to detect underlying genes is limited by the extent of LD between the marker and the causal polymorphism. Dual marker haplotypes can be used to increase power in selecting for individual genes when single markers are not sufficient (Hagenblad, 2004; Lorenz et al., 2010) . To investigate a candidate haplotype for Sr8a, we looked for the most significant marker-trait association surrounding the locus after IWA7913 was added as a cofactor. Although its association did not fall below our Bonferroni P-value threshold of 0.05, SNP marker IWA5781 (Bonferroni P = 0.34, positioned at 2.21 cM on 6A), in combination with IWA7913, revealed a haplotype with much higher diagnostic accuracy than IWA7913 alone. Among 35 accessions represented by the haplotype GG-AA (IWA7913-IWA5781), 30 expressed the expected Sr8a phenotype, improving the accuracy from 24.8 to 85.7% across the winter wheat diversity panel. This indicates that association mapping with multi-locus models is a promising approach for breeders to expand the utility of GWAS.
Improving GWAS Analyses for Direct Breeding Application
The MLMM method applied, in combination with genotyping via the microsatellite marker SCM9 to detect 1AL.1RS and 1BL.1RS rye translocations, provided several valuable insights that are broadly relevant to the interpretation of GWAS analyses in hexaploid wheat. To recap, IWA435 can detect 1BL.1RS with nearly identical results to SCM9. The raw allele clustering patterns exhibited by IWA435 represent two orthologous T. aestivum alleles on chromosome 1BS, with an additional cluster for 1BL.1RS appearing as a null genotype (Fig. 4) . Deletion mutations or, in this case, nonamplification of alien chromatin, warrant full consideration of null allele clusters; however, null marker data are statistically neutral in association mapping, resulting in potential variants being overlooked. Neither allele clustering algorithms nor GWAS models should be limited to biallelic assumptions, even in diploid organisms. The model-free density-based cluster identification algorithms DBSCAN (Ester et al., 1996) and OPTICS (Ankerst et al., 1999) , which are used by the polyploid version of GenomeStudio, mark a positive step toward achieving optimum marker calls (Wang et al., 2014) . However, even the most advanced clustering algorithms still require manual verification, which is a significant burden for researchers attempting to harvest data from SNP arrays with hundreds of thousands of markers.
Association mapping with models that use singlemarker tests require LD-based confidence intervals to distinguish unique QTL positions. Depending on the proximity of the neighboring QTLs, the available genetic resolution may not be sufficient for delimiting unique loci. In contrast, MLMM analyses use stepwise regression to introduce significant markers as cofactors in each step of the model, thereby excluding collinear markers in strong LD with the same locus. But in some cases, a single marker added to the regression does not account for all of the phenotypic variation controlled by a given QTL interval, resulting in a second linked marker being incorporated in the model (Lipka et al., 2013; Segura et al., 2012) . Several genomic regions, including SNP markers IWA1202-IWA574 and IWA3819-IWA1496 on chromosome 2A and IWA6625-IWA6673 on chromosome 6A, displayed this pattern. Several hypotheses have been proposed to describe this occurrence, such as the presence of multiple allelic variants (allelic heterogeneity) or the presence of several tightly linked genes that are indistinguishable at the available resolution. Based on observations from the current analyses, we suggest that a single causal gene may trigger this pattern as well. Without a marker diagnostic for Sr31, two SNP markers (IWA7385 and IWA2615) were fitted in the MLMM regression (Fig.  5) ; the resulting dual-marker haplotype accounted for 87.4% of the variation conferred by Sr31 and was able to correctly identify 37 out of 42 lines carrying 1BL.1RS (confirmed with SCM9). In other words, a single imperfect marker failed to capture the total variance conferred by Sr31 but the incorporation of a second linked marker improved detection accuracy. Extracting useful information on a genome-wide scale from multi-locus haplotypes will accelerate cultivar development through molecular breeding, especially when perfect markers are not available. Obtaining perfect markers is particularly difficult in hexaploid wheat, where genotyping complications are frequent. For example, chromosome designations in Fig.  5 are based on a consensus map derived from populations lacking 1BL.1RS, which led to mapping anomalies after alien chromatin was introduced to the panel. This is not an isolated incident, since most loci in hexaploid wheat have two homeologs with unpredictable annealing specificity to SNP probes. Here, we observed how multilocus association mapping was able to overcome these limitations and facilitate more accurate gene detection.
Understanding the relationship between causal gene variants and nearby polymorphisms is essential because of the inherent difficulty in genotyping a tag within the target coding region itself. Association mapping is frequently used to mine large populations for rare alleles but comes with many disadvantages. When pre-designed SNP assays are applied to GWAS, ascertainment bias limits the probability that a diagnostic genotype of such rare alleles will be acquired (Frascaroli et al., 2013) . Simultaneous marker development and direct application in target populations via genotyping-by-sequencing may enhance the likelihood that diagnostic polymorphisms are discovered. However, the availability of perfect markers is not the only limiting factor; considering Sr31, even if we had properly designated the null cluster for IWA435 as its own allele, the genotype would have been discarded before it was used for association mapping because of the imposed 5% MAF threshold. If a causal allele is present in a GWAS panel at a lower rate than the defined cutoff for MAF, detecting a perfect marker is impossible. This scenario is probably widespread in modern plant breeding programs since many genes are introgressed into limited genetic backgrounds initially, and it may take years for allele frequencies to cross the MAF thresholds. The markers that are most suitable for MAS are diagnostic for the favorable allele in diverse germplasm collections, but lower-frequency alleles diminish statistical power. Although interrogating low-frequency alleles lends vulnerability to Type I error, discarding these markers can cause important associations to be missed. Thus the ability to include rare SNPs during association mapping will accelerate the discovery of reliable genetic markers. As a potential solution, observing multi-locus haplotypes to characterize rare variants may be able to assist in verifying questionable associations from low-frequency alleles. Access to dense SNP profiles via high-throughput genotyping opens up an opportunity to evaluate and verify rare alleles using marker-trait associations in close proximity to the target gene.
Conclusions
The wheat-Puccinia pathosystem represents perhaps one of the best characterized models for a gradient of qualitative, semiquantitative, and quantitative genetic effects. Our specific knowledge of resistance loci and the availability of some diagnostic markers presents a unique opportunity to investigate some of the challenges of GWAS analysis in polyploid species. Here we explored the power of multi-locus association mapping as a tool for characterizing stem rust resistance genes in a global population of winter wheat. We identified 10 resistance loci strongly associated with either adult plant resistance or race-specific seedling resistance; at least three of these are linked to previously uncharacterized resistance loci and warrant further characterization and selection in elite varieties. We also revealed that SNP marker IWA435 reliably detects the 1BL.1RS rye translocation, agreeing with the SCM9 results in 99.8% (1402 out of 1405) of lines tested. And lastly, we show that multi-locus association mapping can be used to identify marker combinations whose haplotypes more accurately explain the phenotypic variation conferred by individual loci than single-locus models. The 17-Gb genome of hexaploid wheat with genomic resources dwarfed by other crops such as maize (Zea mays L.), rice (Oryza sativa L.), and soybean [Glycine max (L.) Merr.] makes this complex issue difficult to fully address with the dataset at hand; nonetheless, sequencing and bioinformatics technologies are improving rapidly and methods in association mapping and genomic prediction stand to benefit. Obtaining application-ready diagnostic genetic markers for novel traits is normally highly resource-intensive and thus researchers at all stages of model development, genomics, and applied breeding must work together to overcome the limitations of linkage and association mapping.
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